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1. Introduction

3. ADHD results

Existing algorithms in causal discovery deal reasonably well with models that
contain only discrete variables or only Gaussian variables, while real-world
data often contains mixture variables, where continuous variables are not
Gaussian.

We have applied the BCCD algorithm with EM to the ADHD data set that was
collected as a part of the NeuroIMAGE study [2]. The goal of our study is
to identify the endophenotypic model that explains the relationships between
genes, brain functioning, behaviors, and disease symptoms. A causal network learned from the data is presented in Figure 2.

2. Proposed method
Step 1 Mixture of discrete and continuous variables
For each variable Xi estimate the rescaled empirical distribution
n
X
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F̂i(x) =
I{Xi < x},
n + 1 i=1

(1)

and then transform the data into Gaussian normal scores X̂i = Φ̂−1
i (F̂ (Xi)).
In this step missing values are ignored.
Step 2 Correlation matrix with missing data
Use Pearson correlation to estimate dependencies between variables, since
data is now Gaussian. Use the expectation maximization algorithm to estimate the correlation matrix with missing data.
Step 3 Apply BCCD
Estimate the causal structure of the graph using BCCD [1]. Estimate the
reliability of the causal relations, using the Bayesian Information Criterion
(BIC):
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where n is the number of variables, M is the sample size, Dim[G] is the
number of parameters in the model corresponding to graph G, P ai are the
parents of node Xi, and ΣP ai is a correlation matrix between the parents of
variable Xi.

Figure 2: The causal graph representing causal relationships between variables for the ADHD data set. The graph represents a PAG, where edge directions are marked with “ − ” and “ >” for invariant edge directions and with
“◦” for non-invariant edge directions. The reliability of an edge between two
variables is depicted with a percentage value near each edge.
The graph built by BCCD shows an effect of genes on brain functioning, the
effect of brain functioning and general factors on disease symptoms, and an
interaction between these symptoms. This model confirms several causal
paths that were previously presented in other studies, but also suggests new
endophenotypic pathways.
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